Demand for organic and conventional vegetables is investigated using data from A.C. Nielsen's 2006 Homescan panel. We use a Bayesian Markov chain Monte Carlo technique, along with data augmentation, to estimate a large linear approximate Almost Ideal Demand System with censored dependent variables. Demands are price elastic, and expenditure elasticities are very high for organic vegetables, whilst demands for conventional vegetables are primarily inelastic. We find a mix of gross substitution and complementarity among the vegetable products, but net substitution is the dominant pattern. Socio-demographic characteristics also play important roles in demands. These findings can inform deliberations about marketing campaigns, nutrition education and policy interventions.
Introduction
As global food demand continues to grow, new technologies have emerged as sustainable agricultural practices to meet food demand with environmental protection. Organic agriculture offers environmental benefits through management practices that enhance biodiversity and restore and maintain natural ecological harmony. Organic agriculture is developing rapidly worldwide. During 2007, 7.2 million hectares were operated by more than 180,000 organic farms in the European Union (EU) (22 per cent of world's total organic agricultural land), leading countries being Italy, Spain and Germany. During the same year, devoted to organic agricultural production were 6.4 million hectares in Latin American (led by Argentina, Brazil and Uruguay), 2.9 million hectares in Asia (led by China and India), 2.2 million hectares in North America (led by USA) and 900,000 hectares in Africa (Willer and Lukas 2010) .
Globally, sales of organic food have increased by over five billion USD a year, reaching 46.1 billion in 2007 (Willer and Lukas 2010) . In 2007, organic fruit and vegetables constitute the largest retail sales value ($6.9 billion) of all organic products in the USA, accounting for 37 per cent of the organic food sector (Nutrition Business Journal 2007) . Elsewhere in the world, Germany sees the greatest demand for organic products in the EU, second only to the USA. Organic food sales increased from €1.48 billion in 1997 to €5.85 billion in 2008, accounting for 3.4 per cent of the food market (BMELV 2011) .
Given the importance of organic food in today's agriculture, it is important to know the factors that determine its consumption. Studies have investigated consumer preferences towards organic food (e.g. Yiridoe et al. 2005) . Most related to the current study is a demand system for organic and conventional frozen vegetables (Glaser and Thompson 1999) , based on US monthly supermarket scanner data for 1990-1996. Two additional demand system studies investigate demand for organic and conventional beverage milk (Glaser and Thompson 2000) , baby food (Thompson and Glaser 2001) and organic and conventional fresh fruits ). Other studies focus on nonprice determinants of organic food demand. Thompson and Kidwell (1998) study consumer's choice of organic and conventional produce in Arizona, and Smith et al. (2009) investigate aggregate organic fruit and vegetable consumption using a US national sample, both focussing on binary-choice analysis.
Studies outside the USA investigate choice or purchase of organic produce in Norway (Torjusen et al. 2001) , organic meat in the Nethelands (Verhoef 2005) , organic food in Italy (Gracia and de Magistris 2008) and organic and integrated fruit and vegetables in Slovenia (Kuhar and Juvancic 2010) , all with discrete-choice analysis. Wier et al. (2008) investigate demand in mature organic food markets in UK and Denmark, by estimating household organic budget share with OLS. Tsakiridou et al. (2006) analyse the influence of consumer characteristics and attitudes on the demand for organic olive oil in Greece, with a sample-selection model. Gracia and de Magistris (2008) review additional literature.
This study focusses on organic and conventional fresh vegetables. Unlike previous analyses with aggregate data in which household characteristics are compromised Thompson 1999, 2000; Thompson and Glaser 2001 ), we use micro-level data from A.C. Nielsen's Homescan panel. Our sample contains zero expenditures, notably in organic vegetables. With many zeros, conventional maximum-likelihood estimation is not feasible because of high-dimensional probability integrals in the likelihood function. We follow the Bayesian Markov chain Monte Carlo (MCMC) approach to censored equation systems -a viable alternative. An additional advantage of the procedure is various functions of the parameters such as demand elasticities can be characterised by draws from the posterior distributions, more easily than a classical approach.
The Nielsen Homescan panel
Data are drawn from Nielsen's Homescan panel, with a sample similar to that of the organic fruit studies in Lin et al. (2009) . The panel consists of households that provide food-purchase data for at-home consumption and is repre- Other explanatory variables include household size, and dummy variables indicating the presence of children, race and ethnicity, age, education, marital status of household head, employment status of the female head, regions and urbanisation. Definitions and sample statistics are presented in Table 2 .
Model specification and estimation procedure
There is a large menu of econometric procedures for censored demand systems. Wales and Woodland (1983) develop an estimator from the KuhnTucker conditions for constrained utility maximisation. Lee and Pitt (1986) take the dual approach, utilising notional demands and virtual prices to determine the regime-switching conditions of censored outcomes. Studies have followed both the Kuhn-Tucker (von Haefen et al. 2004 ) and dual approaches (Millimet and Tchernis 2008; Phaneuf et al. 2009 ). Applications of these approaches have been slow because demand systems so derived can be incoherent, which render maximum-likelihood estimates inconsistent unless regularity conditions of the utility function hold (van Soest et al. 1993) . We follow the Tobit system approach (Amemiya 1974) as used in Yen et al. (2003) which, whilst less structural than the Kuhn-Tucker and virtual-price alternatives, avoids the conditions for statistical coherency, which are difficult to impose for flexible functional forms (van Soest et al. 1993) .
1 Unlike the maximum simulated likelihood estimation in Yen et al. (2003) , we use a Bayesian procedure to overcome numerical complexity with the multiple probability integrals in the classical approach.
Consider latent shares of the linear approximate Almost Ideal Demand System (LAIDS) (Deaton and Muellbauer 1980) 
where s Millimet and Tchernis (2008) implement Lee and Pitt's (1986) 
Because the vector e h sums to zero, the error covariance matrix is singular and for estimation we exclude the last good, the elasticities of which are calculated with the adding-up restriction (Pudney 1989, p. 155; Yen et al. 2003) . Assume error vectorẽ h ¼ ½e h1 , . . . ; e h,LÀ1 ¢ is (L ) 1)-dimensional independent and identically distributed normal with zero means and finite covariance matrix R with standard deviations r i and correlations q ij :
Using homogeneity, the (L ) 1)-element latent-share vector can be expressed as 
contains upper-triangular elements ofc. Then, the latent-share vector (Eqn 5) can be expressed as
where C h is an (L ) 1) · m matrix containing all explanatory variables from (Eqn 1). Construction of the data matrix C h is demonstrated online (Data S1). 
Iðs hi ¼ 0ÞIðs
where I(AE) is a binary indicator function and p(h) and p(R) are priors. The posterior simulator is implemented by sequentially drawing the conditional posteriors pðs Ã js; h; RÞ, pðhjs Ã ; RÞ and pðRjs Ã ; hÞ. The procedure described here extends the Bayesian MCMC procedure for seemingly unrelated regression (SUR) (Geweke 2005, pp. 162-169) by one additional step -data augmentation by drawing the conditional posterior pðs Ã js; h; RÞ and including drawn latent data along with the observed data in the posterior distribution (Tanner and Wong 1987; Albert and Chib 1993) . This procedure extends the single equation Tobit estimation procedure of Chib (1992) . Huang (2001) applies the procedure to a bivariate-censored SUR without cross-equation restrictions, Tiffin and Arnoult (2010) extend the procedure to an infrequency-ofpurchase system and Kasteridis et al. (2011) to a censored LAIDS. Details of the MCMC algorithm are available online (Data S1).
Note that the assumption of joint normal distribution for the error vector e h in (Eqn 1) is strictly inconsistent with the share system specification, as it ignores the requirement that shares be within the unit simplex by giving positive probability to shares outside the simplex (Woodland 1979) . This normality assumption can be problematic for shares close to one. Remedial options include the use of other error distributions such as the Dirichlet distribution (Woodland 1979) , and a mapping mechanism suggested by Wales and Woodland (1983, p. 270 ) and used in Kasteridis et al. (2011) . However, the Ó 2012 The Authors AJARE Ó 2012 Australian Agricultural and Resource Economics Society Inc. and Blackwell Publishing Asia Pty Ltd mapping approach requires at least one good that is always consumed, which we do not have in the current application. As a practical matter, however, our observed shares are much less than one relative to the estimated error standard deviations, with sample means under 0.08 for all organic vegetables and with the largest mean in other conventional vegetables (0.44).
Estimation results and diagnostics
We estimate the system with other conventional vegetables excluded. We run our MCMC algorithm for 30,000 replications. Burn-ins and skips are determined by a series of diagnostics. First, collecting every replication after 3000 replications for the burn-in phase gives autocorrelation functions that die off after <10 lags for most of the parameters except the error standard deviations (r i ) and expenditure coefficients (b i ) of all (five) organic vegetables. Even after skipping 10 replications, autocorrelations for organic onions and organic potatoes are present up to the fifth lag, possibly due to severe censoring in these two goods. Thus, to ensure that our MCMC draws are independent, we run the algorithm for 30,000 replications and collect every 30th replication after discarding the first 3000 of the burn-in phase. The remaining 900 draws are used to obtain means and standard deviations of the posterior densities and elasticities, and their 95 per cent highest posterior density (HPD) intervals (Chen et al. 2000, p. 219) .
To assess the performance of the MCMC algorithm, we use trace plots and cumulative average plots, autocorrelation functions and Geweke's (1992) Chi-squared test on the means of the first 20 per cent versus last 50 per cent of the draws. Geweke's Chi-square test suggests the sample of draws attained an equilibrium state for 257 of 270 coefficients. Trace plots for the 13 coefficients failing the test nevertheless indicate convergence and good mixing behaviour of the chains; two sets of the plots are available online Data S1.
Space limitation prohibits presentation of parameter estimates (Data S1), which we summarise. At a high (95 per cent) posterior probability (of being nonzero), all demographic variables are 'significant' (in the classical sense) in at least two equations. College and Central are significant in seven equations. Nearly 60 per cent (or 32) of the 55 price coefficients are significant, as are all but one expenditure coefficients, all error standard deviations, and 80 per cent (36) of the 45 error correlation coefficients.
Elasticities
Denote the deterministic shares of LAIDS in (Eqn 1) as h hi (h), univariate standard normal cumulative distribution function as F(AE) and probability density function as u(AE). Then, the unconditional means of expenditure shares are 
Elasticities with respect to demographic variables are derived in like manner. Then, elasticities for the Lth good are derived using adding-up and compensated elasticities by the Slutsky equation (Yen et al. 2003) . Elasticities are evaluated for all observations and averaged over the sample (h = 1, …, N). These calculations are repeated for all retained MCMC draws, and the resulting elasticities used to obtain means, standard deviations and HPD intervals. Table 3 presents uncompensated price and expenditure elasticities. 2 All own-price elasticities are negative with a high (95 per cent) posterior probability. Demand for all organic vegetables are elastic, with own-price elasticities ranging from )1.81 for other organic vegetables to )2.77 for organic potatoes. These elasticities are comparable with those reported for organic frozen vegetables by Glaser and Thompson (1999) , which range between )1.34 and )2.26; they also differ notably from the own-price elasticities for organic fruits reported by Lin et al. (2009) based on the same data source as the current study, which range from )0.01 to )3.54. Demand for conventional vegetables is much smaller -inelastic except potatoes, which has an own-price elasticity of )1.20. These own-price elasticities are much greater than the estimates for conventional fruits reported by Lin et al. (2009) . All expenditure elasticities for organic vegetables exceed unity, ranging from 1.30 for organic carrots to 1.84 for organic potatoes. Expenditure elasticities for conventional vegetables are considerably smaller except conventional peppers (1.29), ringing around unity for conventional carrots (with a 95 per cent HPD interval including 1), onions and potatoes and well below unity for other conventional vegetables (0.85). Of the 110 cross-price elasticities, over half are significant, suggesting a mix of gross complements (32 elasticities) and substitutes (26 elasticities). The largest cross-price effects are seen in other conventional vegetables, which are gross substitute to all organic vegetables, with cross-price elasticities ranging from 0.20 (with organic carrots) to organic potatoes (0.82), and gross complement to all other conventional vegetables except carrots, which is insignificant. We find gross substitution between some of the conventional vegetables and their organic counterparts -specifically in carrots, potatoes and other vegetables. Glaser and Thompson (1999) also report gross substitution among organic and conventional frozen vegetables. All other uncompensated cross-price elasticities are much smaller (e.g. <0.2).
Price and expenditure elasticities
Compensated price elasticities are presented in Table 4 . All compensated own-price elasticities have a high (>95 per cent) posterior probability of being negative and, as expected, smaller than their uncompensated counterparts because all expenditure elasticities are positive. In addition, all compensated own-price elasticities are above unity for all organic vegetables, and below unity for conventional vegetables expect potatoes ()1.02). Over half (or 67) of the cross-price elasticities have a high (>95 per cent) posterior probability of being nonzero. Whilst the uncompensated cross-price elasticities suggest a mix of gross substitutes and complements, the compensated elasticities suggest that net substitution (57 elasticities) is the more obvious pattern than net complementarity (10 elasticities). Net complementarity is found primarily in organic onions, potatoes and tomatoes, which all have net complementary relationship with other organic vegetables. For no obvious reason, net complementary relationship exists between conventional carrots and organic potatoes.
In sum, the significant effects of own-and cross-prices, compensated and uncompensated, and total expenditure are compelling and highlight the importance of modelling the demand in a utility-theoretic framework. Nonprice effects reported in the previous studies are likely biased. An important marketing and policy implication of these price and expenditure elasticities is that prices and income do play important roles in the demand for organic and conventional vegetables.
Roles of demographic variables
Consumption of conventional potatoes increases with household size (elasticity = 0.17) but consumption of organic carrots ()0.20), potatoes ()0.56), other organic vegetables ()0.18) and other conventional vegetables ()0.05) decreases (Table 5) . Household size increases organic olive oil consumption in Greece (Tsakiridou et al. 2006) but has an opposite impact on organic food consumption in the UK (Wier et al. 2008) .
Presence of children increases consumption of organic and conventional carrots but has a negative effect on conventional tomatoes, all at small (Wier et al. 2008) and organic fruit and vegetables in the USA ). Relative to blacks, white households on average consume more organic carrots but less organic onions, potatoes and other vegetables; they also consume more conventional carrots and tomatoes but less conventional onions and other conventional vegetables.
Compared to elderly households (age ‡65), households headed by individuals age £40 consume more of most organic and conventional vegetables except conventional tomatoes and other conventional vegetables; whilst households headed by a 41-64 year old consume more organic carrots but less organic tomatoes, more conventional carrots, peppers and potatoes, but less conventional onions, tomatoes and others. Age increases the consumption of organic food in Denmark and UK (Wier et al. 2008) and organic fruit and vegetables in the USA ), but decreases the consumption of organic olive oil in Greece (Tsakiridou et al. 2006) .
College-educated households consume more of all organic vegetables except onions, more conventional carrots, peppers, other conventional vegetables, but less conventional onions and potatoes. Positive effect of education was found for organic olive oil in Greece (Tsakiridou et al. 2006) , organic food in Denmark (Wier et al. 2008) and organic fruit and vegetables in the USA .
Marital status plays a role, with husband-wife households consuming more organic carrots, onions and potatoes, but less of other vegetables, organic or conventional. Households with an unemployed female head consume less conventional peppers but more of other conventional vegetables.
Regional differences are also evident. Relative to those in the West, households in the Eastern, Central, and Southern regions consume less of most organic vegetables. Regional effects are mixed for conventional vegetables, with households in the East consuming more conventional peppers and potatoes but less of other conventional vegetables. Smith et al. (2009) also find higher consumption of organic fruit and vegetables amongst households in the West. The role of urbanisation is also noticeable, echoing the positive effects on organic vegetables reported by Smith et al. (2009) . In sum, after controlling for prices and total expenditure, socio-demographic characteristics are found to play a role in the consumption of organic and conventional vegetables. These results justify inclusion of the household demographic characteristics in accommodating heterogeneity of preference.
Concluding remarks
One challenging task in demand analysis with microdata is censoring in the dependent variables. Statistical procedures not accounting for such data feature produce biased and inconsistent estimates. Interest in improving statistical efficiency and the need to impose cross-equation restrictions call for estimation of a censored demand system. Estimation of a large equation system with censored dependent variables has remained difficult even with simulation techniques and modern computers. The Bayesian MCMC method offers a practical solution to this difficult problem. By augmenting the latent data with Gibbs sampling, the problem becomes as manageable as in conventional SUR. Applying the Bayesian MCMC technique, we estimate a large LAIDS of organic and conventional vegetables.
Demands are found to be elastic for all organic vegetables but inelastic for all conventional vegetables except potatoes. Expenditure elasticities for organic vegetables are also higher than the corresponding conventional vegetables. Gross substitution and complementarity are both found, whilst net substitution is the dominant pattern.
On demographic characteristics, our results are in agreement with the socio-demographic profile of conventional vegetable consumers depicted in the literature. The effects of these household characteristics highlight the importance of these variables in accommodating heterogeneous preferences.
The implications of our findings for marketing campaigns, nutrition education and policy interventions are obvious. Demand for organic vegetables is very elastic, which suggest price campaigns are likely to be an effective means of promoting consumption. The US Federal government has promoted consumption of more healthy foods including vegetables (USDA-USDHHS 2010). The large expenditure elasticities we find suggest income support programs, such as the Supplemental Nutrition Assistance Program (SNAP) (Lin et al. 2010) , can be effective in promoting vegetable consumption. Organic producers and retailers may also target promotions towards well-educated households that are more apt to consume organic vegetables. Identifying and educating market segments whose profile does not match the profile of profitable customer groups is also important. For instance, educating African Americans and households residing in the South on the benefits of organic vegetables (e.g. the absence of fertilizers and pesticides, environment safety, better taste) is a crucial marketing strategy.
The Tobit mechanism (Eqn 2) is sometimes considered undesirable because 'any variable which increases the probability of a non-zero value must also increase the mean of the positive values' (Lin and Schmidt 1984, p. 174) . Whilst alternative behavioural motivations such as the sample-selection (Yen and Lin 2006 ) and infrequency-of-purchase (Tiffin and Arnoult 2010) systems are possible, these approaches are not feasible for the current application because the number of parameters would also have increased exponentially in such systems. Second, whilst our parsimonious approach to the adding-up restriction produces robust elasticity estimates with respect to the equation deleted in estimation, further studies might address the adding-up restriction more rigorously. Finally, the joint normality assumption of the error terms is not strictly consistent with specification of the share system. Further studies might more carefully address such error-distributional issue.
